ABSTRACT In this paper, we study the utility fairness resource allocation in a multi-user orthogonalbased cognitive radio network with cochannel interference (CCI) mitigation. In our proposed system model, we introduce the correct reception probability (CRP) model as a network utility metric. Furthermore, useful bounds on CRP are derived to analyze the performance of proposed allocation schemes. The optimal resource allocation is formulated as a worst-case user CRP maximum problem with both average CCI and average power budget constraints. However, this problem is non-convex and generally challenging to solve. Therefore, we solve this problem by successively performing subchannel allocation and power allocation. Firstly, a k-means clustering inspired subchannel allocation strategy is proposed to divide secondary users (SUs) into multiple groups by minimizing the average mutual-signal-to-interference-ratio degree between any two SUs. The concept of reference user is employed to guarantee the quality of service of the primary user. In each subchannel, we formulate a max-min utility optimal power allocation problem. The non-linear Perron Frobenius theory is applied to solve this power allocation problem. Simulation results show that the proposed resource allocation scheme is fair and has relatively fast convergence.
I. INTRODUCTION
Recently, the fourth generation (4G) mobile communication systems, which can provide a higher rate service for high mobility user, have been deployed in many countries. Furthermore, the forthcoming fifth generation (5G) communication systems, which are expected to achieve 1,000 times the system capacity and 10 times the spectral efficiency of 4G networks, have been researched extensively in academia and industry [1] . However, the requirements of these next generation mobile systems face the challenges of a huge number of users, multi-form wireless communication service demands, better quality of service (QoS) and higher energy consumption. All these challenges result in increasing demands of spectrum resource. Obviously, the traditional spectrum allocation policies are no longer appropriate for the advanced mobile communication systems [2] . Cognitive radio (CR), which is one of the most promising approaches that can improve the spectrum utilization efficiency and alleviate the spectrum scarcity problem. In essence, CR is a novel radio spectrum resource management paradigm where secondary users (SUs) can access vacant spectrum resource without causing unacceptable interference to primary users (PUs) in the licensed system [3] , [4] . At present, there are three access paradigms for cognitive radio networks (CRNs): underlay, overlay, and hybrid. In the overlay paradigm, SUs are only allowed to access the spectrum if these channels are not used by PUs. In the underlay paradigm, SUs are allowed to transmit simultaneously and coexist with PUs if the interference caused by SUs at PU receivers is under a tolerable threshold called interference temperature. The hybrid paradigm is a mixed approach of overlay and underlay, which is more complex to implement than the other two paradigms. The underlay sharing mode is known to be more efficient in terms of spectrum utilization than the overlay sharing mode and can be easily implemented than the hybrid sharing mode [5] . Besides, this power conservative secondary system is suitable for short-range communication. Therefore, the underlay CRN will be adopted in this paper [6] .
To face the demand of an explosively increasing number of mobile users, CRNs have to serve more and more SUs with limited vacant spectrum. Although it is shown in [5] that spectrum reuse can be significantly improved by reasonable resource allocation in underlay CRNs, it still has several outstanding issues to be solved. Due to the characteristic that PUs and SUs share the same subchannel in underlay CRNs, the severe cochannel interference (CCI) is one of the most challenging problems for underlay CRN resource allocation. In underlay CRNs, there are three sources of CCI: interference from SU to PU, interference from PU to SU, and interference among the SUs themselves. Among which the first and third kind of interference are the ones that are of our main interest. For the first kind of CCI source, an interference threshold called interference temperature is usually set to guarantee the QoS of PUs. Regarding the other two CCI sources, orthogonal transmission [7] , interference constraint [8] , and power control [9] are commonly used for interference mitigation. In most existing works on resource allocation, CCI mitigation was achieved when the optimal allocation problem was achieved under CCI constraints [5] . In our work, we study the resource allocation problem subject to the CCI constraint caused by multiple SUs, which is different from most existing works.
To this end, most works on CRN resource allocation focused on the throughput performance of the entire system [5] , and few works have considered the throughput performance of individual links. Usually, it can happen that the sum network throughput improves at the cost of individual users especially for those with poor channel state. Different from the existing works, throughput fairness of individual user is another important factor we consider in our work besides the CCI mitigation. For resource allocation problems in wireless networks, fairness can be explored in many respects. For instance, users in the network should have fair opportunity to access the spectrum, and bandwidth resources should be fairly shared. Energy consumption should be fair, and QoS requirement of users can be fairly satisfied [11] . In [12] , the metric of fairness was modeled by nonlinear utility function of wireless links, such as signal-tointerference-and-noise ratio (SINR) and outage probability. In our proposed multiuser underlay CRN, we regard the correct reception probability (CRP) of the secondary receiver, which represents the transmission utility for SU if the SINR is greater than a transmission quality threshold, as the fairness metric for our resource allocation problem.
A. RELATED WORK AND MOTIVATION
Existing works on utility fairness are mainly classified into two strategy modes: max-min fairness and proportional fairness [11] . Under the max-min fairness criterion, the user whose utility is minimum is regarded as the object to be maximized to obtain the optimal utility for the entire system. By contrast, in proportional fairness, resources assignment depends on users' utility performance demand and its average utility performance in a certain window of past time slots [5] . For CRNs, there are several works that have focused on fair resource allocation problem using these two fairness criteria [13] - [15] . In [14] , Le and Hossain studied a joint rate and power allocation optimization problem to obtain fairness under the condition of low network load. Both max-min and proportional fairness were considered. In [15] , Hu and Zhu proposed a dynamic spectrum occupation process by continuous-time Markov chains in underlay CRNs. Mutual interference was degraded in [15] by spectrum access coordinate. However, these works only focused on improving throughput but neglected the multi-user CCI mitigation problems.
B. CONTRIBUTIONS AND ORGANIZATION
This paper investigates a fair resource allocation scheme with CCI mitigation by SUs in the same subchannel. Different from existing works, we discuss the fairness of SUs along with system total transmission performance optimization. Especially in this work, a CRP model instead of channel capacity is introduced for performance analysis. A method of vector quantization called k-means clustering is employed to propose a subchannel allocation scheme. In addition, an efficient optimization method based on nonlinear PerronFrobenius theory is employed to solve the fair power allocation problem. The contributions of this work are summarized as follows:
• We model the resource allocation objective function by the CRP, which can reveal insights into the transmission and interference performance for SUs in underlay CRN.
• Different from existing works, we propose a k-means inspired subchannel allocation to mitigate CCI among SUs.
• We propose a fairness power allocation strategy for SUs occupying in the same subchannel, which can guarantee the SUs transmit probability fairness with increasing total CRP of CRNs. The nonlinear Perron-Frobenius theory is applied to solve this problem. It is proved that this strategy is the optimal solution to our utility optimization problem. Besides, the power allocation algorithm has geometric convergence. The rest of this paper is organized as follows. Section II presents the system model and formulation of the optimal problem. The CCI mitigation subchannel allocation is proposed in Section III. Section IV presents the optimal power allocation for the fairness utility of SUs in subchannel along with the CCI control. Simulation results in Section V are evaluated to assess the performance of the proposed allocation schemes. Section VI concludes the paper. a CRN as shown in Fig.1 . There are one primary base station (PBS) and one secondary base station (SBS) in this CRN. Assume that perfect channel state information (CSI) for all the users is available at SBS. All the users are assumed to be randomly located in a circular area. The distance between each transmission pair is within d. The whole primary spectrum W is equally divided into L orthogonal subchannels, denoted by L = {1, 2, . . . , L}. To focus on the problem pertaining to SUs resource allocation with cochannel interference mitigation, we consider that each subchannel is licensed by only one PU. Note that this assumption is widely used [8] , [16] , [17] . Multiple SUs are simultaneously allowed to access one subchannel with PU by the underlay paradigm.
II. SYSTEM MODEL AND PROBLEM FORMULATION
We take the lth subchannel for example to describe the signal model. In each time slot, PU transmits with power P p,l . K SUs simultaneously transmit in the same subchannel with a set of powers P P P l = P 1,l , P 2,l . . . , P K ,l . The set K = {1, 2, . . . , K } contains the index of transmitting SUs. The transmission signals sent by PBS and SBS to PU and kth SU are assumed to have M symbols as x x x p = x p (0), . . . , x p (M − 1) and x x x s k = x s k (0), . . . , x s k (M − 1) , respectively. Thus, the received signal at PU and the kth SU can be written, respectively, as
where g p,l and g k,l denote the power gains of the links from PBS to PU, and SBS to SU, respectively, h pk,l , h kp,l , and h ik,l denote the interference gain of the links from PBS to SU, SBS to PU, and the ith SU to the kth coexisting SU in the same subchannel. Let z z z 0 be the Gaussian noise vector whose components are modeled as circularly symmetric complex additive white Gaussian noise (AWGN) with zero mean and variance σ 2 v , It is assumed that all the subchannels are Rayleigh distributed, and it is known that the fading power is exponentially distributed. The received SINR at PU and the kth SU can be respectively denoted as
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and
To ensure the transmission quality, we define a minimum reception threshold γ th . A successful transmission for a link occurs if SINR surpasses the transmission threshold. We suppose that the CRP expressions of PU and the kth SU in the presence of interference are, respectively, denoted as
According to [12] , the CRP of PU and the kth SU can be written in closed-form as (7) and (8), shown on the top of this page, where
B. RELIABLE TRANSMISSION BOUNDS
In our system model, the CRP is supposed to be the network utility to measure the users' transmission performance. A reliable transmission occurs if the CRP of PU or SU surpasses a minimum transmission threshold. According to [12] , we can derive an upper bound and a lower bound of CRP for PU and SU. We obtain an upper bound and a lower bound of (7) as
The the first line of (9) is a lower bound of CRP of PU in subchannel l. Therefore, PU transmits reliably if
where ε denotes the minimum CRP threshold of PU. Similarly, we obtain an upper bound and lower bound of CRP for SU based on (8) as
According to (11), we define the lower bound of CRP of SU as the utility performance of SUs
C. COCHANNEL INTERFERENCE CONSTRAINTS
In underlay paradigm, SUs are allowed to share the spectrum with PUs if the interferences caused by SUs to PUs are below the tolerances. In our proposed system model, multiple users transmit data in a single subchannel causing cochannel interference. In this paper, there are two kinds of CCI we are interested in: CCI from SUs to PU, and CCI from PU to SUs. To ensure the transmission quality, we should control the CCI for both PU's receiver and SU's receiver. To cope with the CCI from SUs to PU, we adopt the reference user concept [22] . With the notion of reference user, in each subchannel, we can approximate the CCI of PU impact of SUs with a single PU that generates the most significant CCI among all the subchannels in CRNs. Therefore, the CCI of reference user can be written as
where I ref and I p0,l denote the interference reference user suffered and the CCI constraint for PU, respectively. The CCI of SU are consisted of two parts: the interference from PU and the interference from SUs coexisting in the same subchannel. Therefore, the CCI of kth SU in subchannel l is denoted as
Thus, the average interference constraint in CRNs is denoted asĪ
whereĪ s 0 ,l denotes the average CCI threshold for SUs in subchannel l, and |K| denotes the number of SUs that are active in subchannel l.
D. PROBLEM FORMULATION
We aim to maximize the CRP of the worst-case SU in CRNs by joint subchannel allocation and power allocation subject to two kinds of CCI constraints. Since there is no mutual interference between any two subchannels, the power allocation for one subchannel is independent of the other one. Mathematically, the optimization problem can be formulated as:
where (16a) is the average power constraint for SU, and P th denotes the average power constraint for SU in each subchannel; (16b) and (16c) are the average CCI constraints for SUs and CCI for the reference user in subchannel l. Since problem (16) is non-convex and NP-hard, it is challenging to find a global optimal solution within polynomial time. In order to solve it efficiently, we decompose it into a subchannel allocation problem and a power allocation problem. In the following sections, we first propose a k-means inspired subchannel allocation algorithm for CCI mitigation. Then, a fair power allocation strategy is proposed for CRP maximization in each subchannel under the average power constraint.
III. CCI MITIGATION SUBCHANNEL ALLOCATION ALGORITHM
In this subsection, we introduce a CCI mitigation subchannel allocation scheme to reduce CCI among SUs in the same subchannel, which is inspired by the k-means clustering algorithm. The k-means clustering algorithm, as a machine learning technique, is used for data pattern classification.
As an unsupervised learning algorithm, the k-means clustering partitions the data into k disjoint clusters according to the features extracted from the training samples [27] . In our proposed subchannel allocation algorithm, we first construct a weighted interference graph in CRN, which represents the mutual interference between any two users. The value of each weight factor between two users represents the level of mutual interference, i.e., the value of weight factor between two users who suffer higher mutual interference is larger than that between another two users who suffer lower mutual interference. In the weighted interference graph, the values of weight factor between any two users are regarded as the data of interest which are to be clustered.
A. OPTIMAL SUBCHANNEL ALLOCATION ALGORITHM
Assume that the SBS is in charge of gathering CSI of all SUs in CRNs and performing the subchannel allocation procedure. After that, the SBS sends the allocation results to SUs through a common channel. Therefore a weighted interference graph G(V , E, W ) is constructed on the basis of the topology and CSI of given CRNs. The vertex set is denoted as V = {v 1 , v 2 , . . . , v N }. Each vertex denotes an SU and (i, j) ∈ E is the set of edges between two vertices. W is the weight set, in which every edge is given a nonnegative weight w i,j = |hji| 2 |h ii | 2 , denoting mutual interference degree between the jth SU and the ith SU. It is assumed that all SUs are divided into disjunct clusters. Denote the set of clusters as C.
Note that one subchannel is only assigned to one cluster. Since subchannels are orthogonal, we assume that those SUs in different clusters have no mutual interference.
Obviously, SUs with smaller non-negative weight w i,j sharing the same subchannel will suffer smaller CCI. Therefore, for a given weighted interference graph G(V , E, W ), we formulate the optimal subchannel allocation problem as a non-negative weight w i,j minimized problem as follow:
s.t.
u ∈ {1, 2 . . . , U } . In each subchannel, there is an SU being set as cluster center (CC) and the other SUs being set as the cluster members (CMs). After setting up the weighted interference graph, we initialize the clustering procedure by selecting the CCs c 1 , c 2 , . . . , c U by its channel gain. That is, we choose the SUs whose channel gain is larger than the others as the CCs. Then, the other SUs are attached to their own clusters as CMs randomly. To minimize the optimal allocation problem (17), the xth SU belongs to cluster u whose CC is c u when w x,u < w x,u , u = u . Observing the CCI mitigation SUs clustering Algorithm 1, clustering process repeats until the maximum number of iterations has been reached or the cluster number is larger than PU interference threshold which is equal to the number of assignable subchannel number. Finally, the clustering index of each cluster is obtained after the end of iteration. The Parameter description of Algorithm 1 is provided in Table 1 .
B. ALGORITHM ANALYSIS
It is noted that, for a given number of SUs, all possible allocation configurations can be found by exhaustive search. The number of possible ways to cluster for N SUs is given by the second kind of Stirling number [26] :
Obviously, the number of possible allocation grows exponentially with the number of the SUs. Though we can obtain the global optimal solution to the problem in (17) , it is impractical to obtain this optimal allocation configuration by exhaustive search even for a small size of SUs. By comparison, our proposed algorithm has advantages on time and space complexity since the algorithm only achieves local optimality. Based on the notion of the k-means clustering algorithm, the time and space complexity of proposed algorithm can be calculated as O (NKd) and O (N + K ) [27] , respectively. Obviously, the time and space complexity of the proposed algorithm is significantly lower than the exhaustive search.
IV. OPTIMAL POWER ALLOCATION FOR MAX-MIN UTILITY FAIRNESS
In this section, we solve the worst-case SU utility maximization problem (16) under given constraints by proposing a power allocation algorithm in single subchannel. In order to improve the network utility with maintaining the single SU utility in each subchannel, we reformulate the optimal for every CC c u do 8: 
Update 10:
end for 12: end if 13 : end for 14: Map SUs into clusters. 15: while it < It & K < L do 16: Update cluster size |C u |, cluster number U , 17: Update CCs set c, C u d C u , 18: Update I ref 19: it = it + 1 20: end while 21: Return SU clusters C = {C 1 , C 2 , . . . , C u }, and the CCs c = {c 1 , c 2 , . . . , c u }.
problem as a max-min utility fairness problem that can be solved by the nonlinear Perron-Frobenius theory [29] .
A. PROBLEM FORMULATION
According to (16) , in a given subchannel l, the optimal power allocation problem can be written by
Then, problem (19) can be reformulated as a max-min utility problem as [29] max
where f k,l is a utility function denoted as
Lemma 1: The optimization problem (20) is a general max-min utility optimization function with monotonic constraints, and it can be solved by the framework in [29] .
Proof: See Appendix A. Let us introduce an auxiliary variable τ . According to general max-min utility optimization with monotonic constraints based on the generalized nonlinear Perron-Frobenius theory in [29] , we reformulate the problem (20) by
Lemma 2: At optimality, the optimal solution τ * , P P P * l is positive, and the objective constraint (22a) is tight:
Moreover, for P P P * l ≥ 0, if P P P * l g s P P P * l ≤ 0, s = 1, 2 , we have g s P P P k,l * = 0 for some s. Proof: See Appendix B. Since the positivity of the utility, we can obtain that 1
Hence, we define a function T k,l .
Definition 1: The function T k,l :
|K| + → + of each user's power P k,l is defined as
That means, the optimal power vector P P P * l is the solution to the fixed point equation Proof: See Appendix C. Theorem 1: For a concave mapping, T (P P P l ) with T T T l (P P P l ) ≥ 0 for P P P l ≥ 0, the following statements hold.
1) The conditional eigenvalue problem T T T l (P P P l ) = λP P P l with λ ∈ , P P P l ∈ K, P P P l = 1 has a unique solution P P P l = P P P * l , λ = λ * , where
l for all P P P l > 0. By the statements of concave self-mapping in Theorem 1, we denote ρ (P P P l ) as the scale function of P P P l .
Definition 3: The function ρ :
|K| + → + of P P P l is defined as
(26) Since the constraints (22b) and (22c) are strictly monotonic, we have following Lemma.
Lemma 4: The scale ρ : |K| + → + satisfies the following properties: 1) ρ is not identically zero, and ρ (P P P l ) > 0, for all P P P l > 0; 2) ρ (λP P P l ) = λρ (P P P l ) for P P P l ≥ 0 and λ ≥ 0; 3) 0 ≤ P P P l ≤ P P P l implies ρ (P P P l ) ≤ ρ P P P l .
Definition 4:
The set U for P P P l is defined as
The optimal solution to problem (20) is included in U.
According to Lemma 5, we obtain that the solution to the optimization problem in (22) is the solution to the conditional eigenvalue problem [31] . That is, the optimal solution for problem in (22) is
The existence and the uniqueness of the conditional eigenvalue problem in (28) and the convergence of Algorithm 3 can be established by the following theorem. Theorem 2: Suppose that T T T l :
satisfies the following condition: there exist numbers a > 0, b > 0, and a vector e e e > 0 such that ae e e ≤ T T T l (P P P l ) ≤ be e e, 37424 VOLUME 6, 2018
Algorithm 2 Max-Min Utility Optimization 1: Initialize power vector P P P l (0) > 0. 2: Update power vector P P P l (t + 1):
Scale power vector P P P l (t + 1):
where ρ (P P P l (t + 1)) is calculated by using Algorithm 3. 4: Repeat Step 2 and 3 until convergence. 2) If there exists g 1 (P P P l ) >Ī s 0 ,l or g 2 (P P P l ) > P th , then increment i ← i + 1 and set U ← 2 i . 3) Repeat Step 2 until g 1 (P P P l ) ≤Ī s 0 ,l and g 2 (P P P l ) ≤ P th are all satisfied.
2: Bisection Search:
Step |U − L| < until convergence.
for all P P P l ∈ U; for any P P P l , P P P l ∈ U and 0 ≤ λ ≤ 1: if λP P P l ≤ P P P l , then λT T T l (P P P l ) < T T T l P P P l . Then the following properties hold:
• The conditional eigenvalue problem in (28) has a unique solution P P P * l ∈ U and τ * > 0.
• The power vector P k,l (t) in Algorithm 3 converges to P P P * l for any initial point P k,l (0) ≥ 0 with ρ (P P P l (0)) > 0.
V. SIMULATION RESULTS
In this section, simulation results are presented to evaluate the performance of resource allocation algorithms with a series of numerical experiments. We consider the downlink OFDMA-based CRN, where each subchannel has one PU and several SUs. All the users are randomly located in a 2 × 2km 2 area. The distance between each transmission pair is within 0.3km. The channel suffers from frequency selective fading and the amplitude of multipath fading is Rayleigh distributed. The path loss exponent is 2. The variance of logarithmic normal shadow fading is 10dB. The noise power is 10 −10 W. The SINR threshold for each user is set to 1. In each subchannel, the average power constraint for SUs is set as P th = 3W while the PU transmit power is set to 1W. The interference temperature threshold to the reference User PU is set to 10 −7 . 
A. CRP PERFORMANCE UNDER DIFFERENT SUBCHANNEL ALLOCATION SCHEME
In this subsection, we evaluate the CRP performance under different subchannel allocation (SA) schemes. Fig. 2 shows the comparison of CRP performance of the worst SU under random SA scheme and the proposed SA scheme versus the average CCI constraint. N c denotes the number of SUs allocated in each subchannel. In the random SA scheme, SUs are randomly allocated to a subchannel. It can be seen from the figure that for the same number of SUs coexisting in the subchannel, the achievable CRP of the worst SU under the proposed SA scheme outperforms that of the random user SA scheme. Besides, we can also see that for the same value of N c , the worst CRP performance of proposed SA scheme is close to its upper bound and exceeds the worst CRP performance of the upper bound of the random SA scheme. Fig. 3 shows the further comparison of sum CRP performance under different SA schemes versus the average CCI. The sum CRP performance of the proposed SA scheme outperforms that of random SA. Besides, we can also observe from Fig. 3 , for different values of N c , the figure shows that the gaps VOLUME 6, 2018 between two SA schemes are around 22% for N c =1, around 20% for N c =2, and around 18% for N c =3, respectively.
B. CRP PERFORMANCE IN THE SAME SUBCHANNEL
In this subsection, we evaluate the CRP performance in a single subchannel under power allocation strategy. Fig. 4 shows the upper bound, lower bound and proposed power allocation strategy of reliable performance, respectively. It can be seen that the CPR of the worst SU under proposed power allocation is close to the CRP upper bound of worst SU when the number of SUs is less than 3. The gap between proposed power allocation and upper bound is within 8%. Besides, the upper bound and lower bound is close, and are within about 15%. Fig. 5 shows the comparison of reliable performance of worst SU with different settings of average CCI threshold I th . It can be seen that the proposed power allocation has a better performance if SUs are subject to a lower average CCI threshold, (i.e. less than 10 −4 W ). Fig. 6 compares reliable performance of the worst SU with different setting of average SU power threshold P th . It can be seen that the proposed power allocation has an improved average CRP performance versus the average power constraint. We observe from Fig. 6 , with increasing value of P th , the gaps corresponding CRP curves with close P th values are getting close. Furthermore, we can also observe that the gap between CRP curve labeled by P th =3W and the CRP curve labeled by P th =4W is within less than 2%, which indicates that the proposed power allocation algorithm can obtain obtain the improved CRP performance with a relatively lower power consumption.
C. CONVERGENCE OF MAX-MIN UTILITY ALGORITHM
In this subsection, the convergence of proposed power allocation strategy is evaluated. It is shown in Fig.7(a) and Fig.7(b) that both the transmit power and the CRP of SUs converge rapidly within 4 iterations using Algorithm 3 for four SUs from four different initial points.
FIGURE 8.
Comparison of the CRP of sum SUs, the best SU and the worst SU for the GP power allocation scheme, the average power allocation scheme, and proposed power allocation scheme with different numbers of SUs. Both PU interference temperature and PU power are set as 10 −7 and 1W, respectively. The SUs average power constraint and SUs average interference constraint in subchannel are set as 1W and 10 −3 , respectively.
D. FAIRNESS PERFORMANCE UNDER DIFFERENT POWER ALLOCATION SCHEMES
In this subsection, the fairness performance of proposed power allocation strategy is evaluated. The comparison results in terms of the throughput and fairness are presented under three different power allocation schemes, i.e., average power allocation scheme and geometric programming (GP) power allocation and the proposed power allocation [12] , [34] . The average power allocation scheme is to allocate average power to each SU according to the SUs average power constraint. The GP power allocation is proposed by maximizing the sum CRP. Fig.8 shows the comparison results of the CRP of the sum, the best SU and the worst SU obtained by GP power allocation scheme, average power allocation scheme and the proposed power allocation scheme. It is seen that the proposed power allocation scheme can guarantee the resultant fairness among different SUs, whereas the fairness among different SUs cannot be guaranteed by either the GP power allocation scheme or the average allocation scheme. Meanwhile, the sum CRP obtained by GP power allocation is larger than that achieved for the proposed fair power allocation scheme since the GP power allocation scheme aims to maximize the sum CRP. This also indicates that there is a tradeoff between the fairness among throughput of different SUs and the sum throughput of total SUs in each subchannel [11] .
VI. CONCLUSIONS
In this paper, we studied the resource allocation optimal problem in multi-user Rayleigh-fading CRN. Our goal is to maximize the CRP of the worst performance SUs and control the CCI among the SUs in each subchannel. We first proposed a k-means clustering based subchannel allocation scheme to improve the spectrum efficiency. Below the interference threshold to PU, the SUs with minimized mutual signal to interference degree can share the same subchannel to improve the spectrum utilization efficiency. After that, we formulated a max-min utility optimal problem for single subchannel power allocation by considering fair transmission probability of SUs. Then, a nonlinear Perron-Frobenius theory based power allocation algorithm was proposed to solve this maxmin utility optimal problem. Simulation results show that the CRP of the worst-case SU by the proposed spectrum allocation scheme outperforms the upper bound of worst-case SU by random spectrum allocation scheme. The sum network CRP obtained by the proposed spectrum allocation is greatly improved than that obtained by random spectrum allocation scheme. This algorithm is also geometrically fast converging. The simulation results indicate that the proposed power allocation can guarantee the fairness among throughput of different SUs in each subchannel.
APPENDIX

A. PROOF OF LEMMA 1
The objective function of optimization problem in (20) is a competitive utility function since it satisfies
• Positivity:
For all k, f k,l (P P P l ) > 0 if P P P l > 0.
• Competitiveness: For all k, f k,l is strictly increasing with respect to P k,l and is strictly decreasing with respect to P i,l , for i = k, when P k,l > 0.
• Directional Monotonicity: For λ > 1 and
, for all k. The constraints of optimization problem in (20) are monotonic constraints since they satisfy
• Strict Monotonicity:
• Feasibility:
The set P P P l > 0 |g 1 (P P P l ) ≤Ī s 0 ,l g 2 (P P P l ) ≤ P th is nonempty.
• Validity: For any P P P l > 0, there exists λ > 0 such that g 1 (λP P P l ) ≥ I s 0 ,l or g 2 (λP P P l ) ≥ P th . VOLUME 6, 2018 ≤ T k,l (P P P l ).
B. PROOF OF LEMMA 2
Suppose that τ * , P P P * l is the optimal solution. To show that τ * , P P P * l is positive, we first suppose that there exists k such that P * k,l = 0. Accordingly, f k,l P P P * l = 0 and τ * = min k f k,l P P P * l = 0. Neverthless, by the feasibility (c.f. Lemma1), there must exist a vector P P P l > 0 that is feasible and, by the positivity (c.f. Lemma 1), we can find τ = min k f k,l P P P l > 0 = τ * , which contradicts the assumption that τ * , P P P * l is optimal. Hence, τ * , P P P * l is positive. Next, we suppose that there exits k such that f k,l P P P * l > τ * . Accordingly, since P P P * l > 0, we can chooseP k,l such that 0 < P k,l < P P P * l andP i,l = P * i,l , for all i = k, and such that τ * < f k,l P P P l < f k,l P P P * l , due to the competitiveness of the utility function (c.f. Lemma1). Nevertheless, this yields f i,l P P P l > f i,l P P P * l for all k = i. In this case, we can choose τ such that τ = min k f k,l P P P l > min k f k,l P P P * l = τ * , which contradicts the assumption that τ * is optimal. Therefore, the objective constraint (22) must be tight at optimality.
Finally, we prove that at least one constraint is tight. Suppose that g s P P P * l < 0, for all s. Since P P P * l > 0, there exits λ > 1 and P P P l = λP P P * l such that g s P P P * l < g s P P P l ≤ 0, for all s. Then, since P P P * l and the directional monotonicity satisfy Lemma1, it follows that f k,l P P P l > f k,l P P P * l , for all k. This contradicts the assumption that P P P * l is optimal. Hence, at least one of the constraints (22b), (22c) must be tight.
C. PROOF OF LEMMA 3
Taking the derivative of T k,l (P P P l ) with the respect to P k,l , the ith entry of the first derivative ∇T k,l (P P P l ) is given by (29) on the top of this page. Since z (1 + z) ≤ log (1 + z) for z ≥ 0, ∇ T k,l (P P P l ) j ≥ 0. Thus ∇ T k,l (P P P l ) i ≥ 0 for all i, and T k,l (P P P l ) increases monotonically with respect to P P P l .
Next, we have (30) , shown on the top of this page. According to the [33, Proposition 2], T T T l (P P P l ) : G → G is differentiable and (30) holds for the component mapping T k,l (P P P l ) : G → + , 1 ≤ k ≤ j. Hence, T T T l (P P P l ) is a strictly positive and monotone cone mapping on G. Furthermore, T k,l (P P P l ) is positive. Since it is the perspective function of strictly concave function log (1 + x), t log (1 + x/t) is strictly concave in (x, t) for strictly positive t [32] . Then, T k,l (P P P l ) is the sum of strictly concave perspective function. Hence, T T T k,l (P P P l ) is strictly concave with respect to P P P l .
